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Abstract: Coastal and marine management require the evaluation of multiple environmental threats
and issues. However, there are gaps in the necessary data and poor access or dissemination of existing
data in many countries around the world. This research identifies how remote sensing can contribute
to filling these gaps so that environmental agencies, such as the United Nations Environmental
Programme, European Environmental Agency, and International Union for Conservation of Nature,
can better implement environmental directives in a cost-effective manner. Remote sensing (RS)
techniques generally allow for uniform data collection, with common acquisition and reporting
methods, across large areas. Furthermore, these datasets are sometimes open-source, mainly
when governments finance satellite missions. Some of these data can be used in holistic, coastal
and marine environmental management frameworks, such as the DAPSI(W)R(M) framework
(Drivers–Activities–Pressures–State changes–Impacts (on Welfare)–Responses (as Measures),
an updated version of Drivers–Pressures–State–Impact–Responses. The framework is a useful
and holistic problem-structuring framework that can be used to assess the causes, consequences, and
responses to change in the marine environment. Six broad classifications of remote data collection
technologies are reviewed for their potential contribution to integrated marine management, including
Satellite-based Remote Sensing, Aerial Remote Sensing, Unmanned Aerial Vehicles, Unmanned
Surface Vehicles, Unmanned Underwater Vehicles, and Static Sensors. A significant outcome of this
study is practical inputs into each component of the DAPSI(W)R(M) framework. The RS applications
are not expected to be all-inclusive; rather, they provide insight into the current use of the framework
as a foundation for developing further holistic resource technologies for management strategies in
the future. A significant outcome of this research will deliver practical insights for integrated coastal
and marine management and demonstrate the usefulness of RS to support the implementation of
environmental goals, descriptors, targets, and policies, such as the Water Framework Directive, Marine
Strategy Framework Directive, Ocean Health Index, and United Nations Sustainable Development
Goals. Additionally, the opportunities and challenges of these technologies are discussed.
Keywords: remote sensing; DPSIR; coastal and marine management; environmental policies and
directives; WFD; MSFD; ocean health index; sustainable development goals
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1. Introduction
Coastal zones are among the most populated areas on the planet [1,2]. As the population
continues to increase, economic development must expand to support human welfare. However,
this development may damage the coastal environment that is supporting human welfare for current
and future generations [3]. The management of complex coastal and marine social-ecological systems
(SES) requires tools that provide frameworks with the capability of responding to current and emergent
issues in these SES [4].
Many frameworks have been developed that address and integrate complex issues to provide
solutions. For example, the Millennium Ecosystem Assessment framework [5], which links
drivers, ecosystem services, and human welfare; the Ostrom framework [6], which analyses the
sustainability of social-ecological systems; and the Drivers–Activities–Pressures–State change–Impact
(on Welfare)–Responses (as Measures) framework, “DAPS(W)R(M)”, which relates ecosystem services
to societal and economic pressures [7].
However, obtaining the environmental data that is necessary to use these frameworks is difficult,
especially in countries where access to reliable data and their dissemination are limited or non-existent [8]
and even thwarted. Ndzabandzaba, 2015 [9] raised awareness of the Global Sustainable Development
Report regarding data sharing and their essential role in decision-making and as a key for further
progress [9]. For instance, the European Union Directives (e.g., Water Framework Directive (WFD) [10]
and Marine Strategy Framework Directive (MSFD) [11]) require continuous environmental monitoring
and sharing data in a consistent and transparent manner [12], despite the complexity and cost of
this obligation. Furthermore, countries worldwide that are signatories to Regional Sea conventions
(e.g., OSPAR, HELCOM, and Barcelona Convention) must also monitor accordingly. For this purpose,
these countries are mainly using the targets of the Sustainable Development Goals (SDGs) [13,14] and
the goals of the Ocean Health Index (OHI) [15].
Traditional techniques of point sampling and observation in the environment do deliver high
information content [16], but they are expensive and often do not provide adequate spatial and temporal
coverage, while remote sensing can provide cost-effective solutions, as well as data for locations where
there is no or only limited information [17].
The new Millennium era of data collection through earth observation technologies and
sensors is becoming more widely used for monitoring sectors related to the coastal and marine
environment [16,18–27]. As these data are collected routinely, they could provide a basis for
synoptic-scale analysis covering a larger area over a time series. Furthermore, these datasets are
sometimes open-source and easily accessible, especially when data acquisition is realized by government
bodies and institutions, providing a large volume of freely accessible data for analysis and dissemination.
This research highlights and reviews the potential use of six remote data collecting technologies
for improving integrated coastal and marine environmental management based on DAPSI(W)R(M) [7],
an updated version of the widely used Driver–Pressure–State–Impact–Response framework
(DPSIR) [28]. The research follows a sequence from large- to small-scale technologies, including
Satellite Remote Sensing (SRS), Aerial Remote Sensing (ARS), Unmanned Aerial Vehicles (UAV),
Unmanned Surface Vehicles (USV), Unmanned Underwater Vehicles (UUV), and Static Sensors as
Ground Methods (SS). The opportunities and challenges of these technologies are described briefly.
Their applications are not meant to be exhaustive, but rather to provide knowledge on their use for
holistic management, such as supplying missing data, as well as providing a foundation for future
research using RS technologies. Examples are provided how these RS technologies can be useful for all
components of the DAPSI(W)R(M) framework.
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2. Materials and Methods
2.1. The DAPSI(W)R(M) Framework
The DPSIR framework is one of the primary tools used for adaptive management of socio-ecological
systems; it was initially developed by the Organization of Economic Cooperation and Development [29]
and then adopted by the European Environment Agency [30] and continues to be used extensively
throughout the world [28]. However, there has been confusion between components of the framework,
which have been resolved by further development of in the form of DAPSI(W)R(M) [7], whereby
Drivers represent the basic human needs that require Activities, which lead to Pressures that are the
mechanisms of State change on the natural system; the subsequent Impacts (on human Welfare) require
Responses (as Measures).
2.2. Remote Sensing Applications that Could be Used for DAPSI(W)R(M) Analysis
While DAPSI(W)R(M) is increasingly used as a holistic framework for integrated coastal and
marine management [4,31–36], there has only been limited use of RS technologies to support this
management framework. For instance, [37] addressed satellite and airborne remote sensing for
supporting Marine Spatial Planning (MSP) and Integrated Coastal Area Management (ICAM) by
providing a list of relevant sensors. Strong and Elliot., 2017 [16] provided guidance on remote sensing
techniques that can facilitate the extrapolation process by structuring RS data effectively across multiple
spatial scales in order to undertake a correct assessment for integrated marine management. Fingas,
2019 [20] presented an overview of the use of optical satellites and sensors used for ocean management
and that provide a mapping of several parameters.
Remote sensing technologies have played a significant role in sensing the environment during the
last five decades [38]. There seem to be two different types of approaches in the literature, namely
general overviews of RS technologies focusing on a single issue or a general overview of one RS
technology to solve various issues. Side and Jowitt., 2002 [39] compared remote sensing technologies
for seabed mapping by providing coverage and resolution. Goetz, 2009 [40] presented an overview
of decades of existing hyperspectral RS for analysing the earth. Kratzer et al., 2014 [41] developed a
conceptual model to integrate ocean colour remote sensing data into coastal management with a case
study in Himmerfjärden in Sweden. Unninayar and Olsen., 2015 [25] presented a global dimension
on the use of satellites to monitor and observe the earth. Vihervaara et al., 2017 [23] showed the role
of remote sensing combined with essential biodiversity variables on improving the current state of
biodiversity in Finland. Guo et al., 2017 [26] reviewed seven types of sensors applied to wetlands,
including their classification, water quality, sea-level rise, and other parameters, by presenting their
advantages and limitations and providing advice on future wetland-RS research lines. Bean et al.,
2017 [27] discussed the impact of RS technologies onmonitoring the whole marine ecosystem models
for an integrated and comprehensive approach to impact assessments that can benefit the society
in the context of a country, such as the UK. Neukermans et al., 2018 [42] addressed critical science
questions on ocean–atmosphere interaction using multiplatform space-borne missions, from visible
to microwave, active, and passive sensors. Werdell et al., 2018 [43] have presented state of the art
approaches to obtain marine inherent optical properties from ocean colour RS and have defined the
areas where existing knowledge gaps remain. Murray et al., 2018 [24] suggested a framework for
integrating RS data into ecosystem risk assessments and showed that unstructured use of RS data
could introduce substantial error and uncertainty into this assessment.
In the present article, six categories of RS technologies are considered (Figure 1):
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Figure 1. Conceptual diagram summarizing the main activities in coastal and marine environment
and the relevant remote sensing technologies for their assessment. Symbols are courtesy of the
Integartion and Application Network, University of Maryland Center for Environmental Science
(https://ian.umces.edu/symbols/ ). (Credit: Badr El Mahrad).
Satellite Remote Sensing (SRS): Land surface observations using satellite images started in the early
seventies with the la nching of Landsat 1. Duri g the late seventi s, the Co stal Zone Colour Scanner
was launched as th first sat llite intended for monitoring t e Earth’s ocean and water bodies by
obs rving ocean olour and temperature, part cularly in c astal zones [44]. Later, many other satellite
sensors were dev loped by sever l space agencies and ountries. Krug et al., 2016 [44] provided a
list (https://ars.els-cdn.c m/co tent/image/1-s2.0-S0079661116301562-mmc1.pdf) of orbital sensors
dedicated to ocean colour radiometry from 1970 to satellites proposed for the future. In general,
satellite-based remote sensing images and techniques are advantageous as they usually collect uniform
data with common acquisition and recording schemes, covering large areas. Furthermore, other types
of sampling missions can be expensive and infrequent, which can hinder analyses that requires data
with high temporal fidelity [18]. A full review of SRS sensors can be found in [45] and [46].
Aerial Remote Sensing or Manned Aircraft (ARS): This technique is known as aerial photography
or airborne imagery and is based on taking photographs from a human-crewed aircraft. The first
aerial photograph from a hot air balloon dates back to 1858 [47]. It started in manned aircraft in 1909
and advanced, especially during world wars. For example, since the 1930s, the United States has
covered most locations in the country, using photogrammetric techniques [48]. Manned aircraft can
offer further objective and replicable outcomes with a permanent record [49]. They have succeeded
in many aspects of coastal research, such as wetland assessments, beach erosion control, land-use
planning, coral reefs, marine habitat, and any others [50–52].
Unmanned aerial vehicles (UAVs): Most k own vehicles in this category are drones, which are
unmanned aircraft that c n reach difficult locations, such as wetlands. Traditionally these are used in
m li ary surveillance missions. Their use has been growing rapidly since the beginning of the 21st
century with an unprecedented development for missions with high social im act [53] and for different
types of environments, such as coastal areas [54,55] and marine areas [56,57]. Papakonstantinou et al.,
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2016 [58] suggested a 3D representation that can improve the classification, visualization, and mapping
of coastal morphology in high resolution, using UAV images. Furthermore, [59] provided a protocol for
UAV aerial survey that can improve data acquisition quality, in a timely, efficient manner that represents
an effective methodology for coastal and marine survey. A full review of UAVs for photogrammetry
and remote sensing is provided by [60].
Unmanned Surface Vehicles (USVs): These are vehicles that operate on the water surface without a
crew. They are also called autonomous surface vehicles, unmanned surface vessels, or autonomous
surface crafts. Significant progress in the development of USVs occurred from the end of the
20th century into the 21st century [61,62]. USVs have been used for many aspects related to marine
management, such as bathymetry surveys [63], sea surface sampling [64], environmental data gathering,
pollutant tracking [65,66], harmful algal bloom detection [67], meteorological parameters [68], and even
monitoring of marine fauna [69,70]. An overview of USV developments and challenges is presented
by [71].
Unmanned Underwater Vehicles (UUVs): These are robotic devices or vehicles that are unmanned
underwater. Their deployment allows the study of many aspects of the marine environment, such as
in marine geoscience [72], monitoring marine habitat [73,74], mapping the seafloor [75], marine
archaeology [76], underwater structures [77], and many other aspects. Sahoo et al., 2019 [78] presented
the advances in the field of UUVs.
Static Sensors (SS) as Ground Methods: These include single sensors or wireless sensor networks
(WSN). They are growing in the field of environmental resource management [18] and have many
users for coastal and marine environments. These sensors can measure upwellings [79], oil spills [79],
water quality, fish behaviour [80], and storm detection [81]. They can also be used as biosensors for
monitoring marine contaminants [82] and many other applications [83]. However, as they are typically
fixed sensors, each individual sensor delivers only local observations.
Comparing these different remote sensing technologies, SRS have larger spatial coverage
with large-volume time series, non-destructive sampling capabilities, and are cost-effective [84,85].
The launch of SENTINEL missions by the European Space Agency (ESA) under the COPERNICUS
program demonstrated the importance of these technologies. They are the most ambitious earth
observation (EO) systems worldwide [86] with more than 15,000 users registered in 2019 to the
Copernicus Marine Environment Monitoring Service (CMEMS) alone, which will probably increase
further after the launch of all Sentinel constellations [21].
3. Results
The results below show the RS applications for the interconnections between DAPSI(W)R(M) and
RS technologies, focusing on each component of the framework. This information will help to fill the
knowledge gap required to achieve holistic, integrated coastal and marine management.
The findings that are presented in Tables 1–3 are of potential value for decision-makers, researchers,
managers, engineers, and other stakeholders working on technical aspects. For example, a coastal
manager working on eutrophication may be interested in assessing how much intensive agriculture
there is in a catchment. The manager can choose to use “area of greenhouses” as an indicator of intensive
agriculture. Using Table 1, the manager can find the research developed by [87]. However, the manager
can also find the research of [88] in Table 2 (pressures section), which can provide information about
the type of crop, as well as provide some information about the quantity of fertilizer and nutrient ratios
shown by the research of [89]. Furthermore, the manager can also assess the distribution of harmful
algal blooms as a state change in Table 3, and follow the techniques used by [90].
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Table 1. A review of the remote sensing applications that are being developed for activities related to the economic sectors in coastal and marine areas.
RS technology If SRS Data Environment
Sector Type of Activity SRS, ARS, UAV,
USV, UUV, SS Satellite
Description/Application Reference Coastal/Marine
General Remote sensing for marine management [20] C/M
General
SRS - Monitoring of agricultural landscapes [91] C
SRS - SAR for agriculture applications:Review [92] C
SRS - A comparison of eight global andregional agricultural monitoring systems [93] C
Coastal Forestry SRS Landsat Visualizing coastal forest dynamics bySRS [94] C
Coastal Farming
(Greenhouses)
SRS Landsat & Worldview 2 Detection of horticultural crops undergreenhouses using multi-temporal SRS [88] C
Agriculture
SRS Landsat ETM+
Developing a new spectral index for
mapping greenhouse using medium
spatial resolution SRS
[87] C
Livestock UAV - Detecting livestock in UAV images [95] C
Golf SRS SPOT 5 Golf course detection usingmultispectral remote sensing imagery [96] C








Integrated navigation for autonomous




Static sensors for monitoring the water
quality and fish behavior in aquaculture
tanks
[80] C/M





Hyperspectral remote sensing of wild
oyster reefs [101] C/M




saltmarsh harvesting SRS -
The remote sensing of biodiversity: from
global to local scales [103] C/M
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Table 1. Cont.
RS technology If SRS Data Environment
Sector Type of Activity SRS, ARS, UAV,
USV, UUV, SS Satellite
Description/Application Reference Coastal/Marine





Assessing impacts of mining: Recent
contributions from GIS and remote
sensing
[105] C
General SRS /ARSUAV -
Interaction between a protected
destination system and conservation
tourism through RS
[106] C/M
Swimming pool SRS Worldview 2
Integrating machine learning techniques
and high-resolution RSR imagery to
generate GIS-ready information for
urban water consumption
[107] C
ARS - ARS data to support the estimation ofwater use in private swimming pools [108] C
Beach use
SRS Landsat 8Sentinel-2 Characterizing beach changes using SRS [109,110] C
UAV - Monitoring beach topography and itschange using UAVs imagery [111] C
Tourism and Recreation
Tourism Resort ARS Estimating the annual carbon budget ofa weekend tourist resort [112] C
Desalination
SRS - Characteristics of satellites commonlyused for desalination monitoring [113] C/M
Land-Based Industry
SRS MODIS Exploring MODIS to assess and monitordesalination impact [114] C/M
Cross-Sea Bridge SRS MODIS Impact of coastal infrastructure on RSproducts using MODIS data [115] C/M
Marina ARS - Identifying the environmental impact ofa marina development using ARS [116] C/M
Port
SS - Static Sensors network integration toestimates harbor activity impact [117] C/M
SRS - Use of satellite imagery for water qualitystudies in New York Harbor [118] C/M
ARS
Assessing the impact of sea-level rise on




Beach nourishment SRS - Sub-annual to multi-decadal shorelinevariability from publicly available SRS [120] C
Remote Sens. 2020, 12, 2313 8 of 47
Table 1. Cont.
RS technology If SRS Data Environment
Sector Type of Activity SRS, ARS, UAV,
USV, UUV, SS Satellite
Description/Application Reference Coastal/Marine





Assessment of turbidity plumes during
dredging operations using SRS [121] C/M
General
SRS Optical Satellite Vessel detection and classification usingSRS optical imagery: A literature survey [122] MTransport and Shipping
SRS SAR Maritime Vessel Classification toMonitor Fisheries with SAR images [123] M
Renewable Energy Wind farms SRS Radarsat-2 Offshore winds mapped from satelliteremote sensing [124] M
Fossil fuel energy
(Oil/Gas)
UUV/USV - Application of robotics in offshore oiland gas industry [125] M
SRS/ARS Jers Radarsat-1, Envisat,
. . .
Assessing offshore oil/gas platform
status using SRS and ARS time-series
images
[126] C/MNon-Renewable Energy
Nuclear energy SRS Landsat TM and ETM+
Application of SRS data for Monitoring




Storage General SRS/ARS -
RS technologies for monitoring geologic
storage operations [128] C
Research and Education Marine archeology SRS/ARS
ARS and SRS for archaeological and
cultural heritage applications: A review
of the century (1907–2017)
[129] C/M
Land Reclamation - SRS Sentinal-1 Impacts of land reclamation assessedwith Sentinel-1: The Rize (Turkey) [130] C/M
General SRS DigitalGlobe & MODIS
Evidence of environmental changes




Munition test and use UUV -
Spread, Behavior, and Ecosystem
Consequences of Conventional
Munitions Compounds in Coastal
Marine Waters
[132] M
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3.1. RS and Driving Activities
Remote sensing technologies have transformed research in many sectors related to coastal and
marine areas. Table 1 summarizes the recent advanced application of remote sensing in relation to the
main activities in key economic sectors in marine and coastal areas (see Figure 1).
3.1.1. Agriculture
Agriculture activity is essential for food security. However, agricultural production is considered
as the single most extensive form of land use on the planet, occupying more than 40% of its area [133].
There are many types of agriculture activities that can be found in the coastal zones (e.g., extensive
cereal farming and intensive greenhouse farming).
Remote sensing technologies have been a useful tool for assessing agricultural targets, such as the
monitoring of soil properties, crop classification, monitoring and crop stress, supporting decisions on
irrigation, fertilization, and pest management for production [134]. Recently, [91] reviewed RS data for
agricultural landscape monitoring. Liu et al., 2019 [92] analysed the existing issues, latest advances,
and future directions in synthetic aperture radar used on agriculture fields as SRS. Fritz et al., 2019 [93]
compared eight global and regional agricultural monitoring systems that use RS.
• Coastal Forestry
Coastal forests deliver many benefits, such as preserving biodiversity, conserving water and land
resources, carbon storage, storm protection, and many other products [135]. They can be natural
or human-made and exist in different forms, such as mangroves, beach forests, peat swamp forests,
riparian forests, periodic swamps, and many others. Beitl., 2019 [94] combined Landsat images of
30 years in an analysis to quantify the patterns of cover change of mangrove forest in Ecuador.
• Coastal Farming—Greenhouses
The numbers of plastic-covered greenhouses have been increasing drastically in the last decades,
especially in coastal areas, showing the evolution from traditional to industrial farming styles.
Their detection and mapping via RS are still a complex task. Arguilat et al., 2015 [88] derived several
agricultural features from Landsat 8 and WordView-2 SRS data, which allowed him to detect the four
most popular autumn crops in greenhouses in Almeria, Spain. Yang et al., 2017 [87] proposed a new
plastic greenhouse index using medium spatial resolution satellite data, such as Landsat Enhanced
Thematic Mapper Plus (ETM+) images.
3.1.2. Livestock
Livestock rearing is an important activity that contributes to the input of organic matter and
nutrients, and its production has increased rapidly in recent decades. UAVs are good tools to
estimate livestock. Kellenberger et al., 2018 [95] addressed animal detection through UAVs and used a
Convolutional Neural Network to increase the detection of animals located in fields.
3.1.3. Golf
Golf practice has increased in popularity during the last decades and the number of golf courses
has grown rapidly. This exerts multiple pressures on the environment using fertilizers, pesticide,
and water [136]. Based on landscape metrics using multispectral medium-resolution SRS imagery
from SPOT 5 images, [96] proposed a practical bottom-up approach to detect golf courses.
3.1.4. Damming
Building dams along rivers that end downstream to the coast is increasing with time [137,138].
Ezcurra et al., 2019 [139] demonstrated the impact on the physical processes and biodiversity of coastal
zones, such as coastal erosion, loss of habitat for fisheries, and the release of carbon sequestrated in
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coastal sediments. Karamvasis et al., 2017 [97] used Sentinel-1 TOPS data through the application
of Persistent Scatterer Interferometry methodologies for mapping and measuring dynamic patterns
changes of coastal topography in the West Lesvos in Greece, which also showed a reduction in fluvial
sediment supply.
3.1.5. Aquaculture
Aquaculture is becoming one of the principal sources of aquatic proteins worldwide due to the
rise of the human population and the high demand for aquatic protein that can be found inland,
the coast, and the sea [140]. It is also a major sector for Blue Growth [141]. There are three types of
areas for its cultivation, namely freshwater (lakes, rivers), brackish water (lagoon, estuary), and marine
waters (fjords, open water). RS technologies are useful tools for site selection and/or detection and
monitoring of aquaculture sites [142]. Ottinger et al., 2016 [98] provided a review of recent studies
that used satellite images for the assessment of aquaculture and also presented their potentials and
opportunities. Bao et al., 2019 [99] reviewed the latest advances of UUVs and recommended the
development of their integrated navigation systems.
Furthermore, aquaculture production includes many types of cultivation systems, such as cages
and pens, tanks, ponds, nets, longlines, and intertidal shellfish culture. Bostock et al., 2010 [143] and
Troell et al., 2013 [144] provide some examples of cultivation types and the role of RS for their detection
and monitoring. However, this excludes pens and longlines as it is still difficult to detect them from
long-distance sensors (SRS, ARS, and UVS).
• Tanks
There is an increasing demand for tanks by aquatic industries, which are increasingly getting
larger [145], thereby requiring improvements to the monitoring of the conditions for fish culture.
Parra et al., 2018 [80] proposed a set of SS using wireless sensor networks in aquaculture tanks for
monitoring the water quality and fish behaviour during the feeding procedures.
• Ponds
Ponds have been rapidly expanding during the last decades within fertile coastal zones. SRS can
be used to quantitively assess the expansion of the pond’s land use and its impact on the coastal
environment using satellite images, such as Landsat for long time series analysis [100] and/or
Sentinel-1 [146].
• Shellfish Culture
Shellfish culture produces essentially bivalve molluscs, such as oysters, mussels, and clams. Le Bris
et al., 2016 [101] used hyperspectral and multispectral data by combining SRS images (TerraSAR-X and
SPOT 5) and ARS images (Hyspex) to map wild oysters’ reefs and provide an estimation of their stocks.
3.1.6. Extraction of Living Resources
Extraction of living resources in marine and coastal areas can be represented in different ways,
such as fishing, seaweed harvesting, and saltmarsh vegetation harvesting.
• Fishing
There is a high demand for fish protein, but the productivity of fisheries is in decline worldwide.
RS technologies are used for both guiding vessels to locate fishes and monitoring fishing vessels to
manage fisheries with the help of SRS, ARS SS, and USVs. Klemas, 2013 [102] reviewed the fisheries
application of RS and described their importance and their combination with forecast models on
improving the extraction and the management of fisheries resources. Laurs et al., 2006 [147] used
SS and USVs connected to the Argos satellite system to tag large pelagic marine fish (tuna, billfish,
and sharks). Furthermore, SRS, such as the VIIRS Visible Infrared Imaging Radiometer Suite developed
by NASA/NOAA, is a widely used tool for fish detection [148].
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• Seaweed and Saltmarsh Vegetation Harvesting
Aquatic vegetation support and maintain the ecosystem functions, produce goods and services,
and provide many societal benefits. SRS is an important tool for their assessment, detection, as well as
monitoring of harvesting activities [103].
3.1.7. Extraction of Non-Living Resources
The extraction of non-living resources in different forms on the coast and at seas, such as sand
mining and offshore mineral extraction, which are important activities for Blue Growth [141].
• Coastal Sand Mining
This activity provides incomes to contractors and inexpensive materials for the construction
industry [149] due to the relatively simple extraction process. Chaussard and Kerosky., 2016 [104] used
optical SRS data to identify legal and illegal mining sites in the black sand beach of the Philippines and
used Interferometric Synthetic Aperture Radar as SRS to evaluate their environmental impacts.
• Onshore Mineral Extraction
This activity can be found near to the coast and it can impact biodiversity. Werner et al., 2019 [105]
reviewed the recent contribution of RS technologies (SRS, ARS, and UAV) to assess the impact on
mining extraction.
3.1.8. Tourism and Recreation
There is a range of activities on the coast and sea related to tourism and recreation, which can
be monitored using RS data such as coastal swimming pool use, beach use, resort construction,
and many others.
• Swimming Pools
Swimming pools place extra burdens on local water supply systems and intensify water scarcity.
For instance, in coastal rural areas, swimming pools may be using unlicensed boreholes for their water
supply. Swimming pools in residential areas can be assessed with different RS data by using SRS, ARS,
and UAVs. Llausàs et al., 2018 [108] used LIDAR data as an ARS application from the cadastre of
Barcelona city to estimate water use for private swimming pools along the coast of the city. Wolf and
Hof., 2012 [107] performed machine learning techniques integrated with high-resolution SRS imagery
derived from Worldview 2 data to generate information regarding urban water consumption, including
swimming pool assessment.
• Beach Use
Beach tourism can lead to the degradation of coastal ecosystems. Research on beach use has
become more collaborative, with the increased use of RS data and for the protection of natural values
of coastal ecosystems [150,151]. The high-resolution images of UAVs support topographic surveys
and detect geomorphic changes in complex beach terrains. However, there are limitations on data
coverage and the loss in vertical accuracy induced by external factors [111]. SRS is largely used for
the detection of beach changes. Cabezas-Rabadàn et al., 2019 [109] proposed a new perspective for
using Satellite-Derived Shorelines (SDS) from Landsat 8 data to manage microtidal beaches with high
tourism influx, such as the case of Valencia, Spain. For the same region, [110] proposed a detailed
characterization of beach changes using SDS derived from Sentinel-2 data as an automatic, massive,
and efficient shoreline extraction tool to derive beach width as an indicator of beach morphology.
• Tourist Resort
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Many tourist operators focus on providing a large number of activities inside and outside their
buildings, to retain a large number of tourists in the resort by meeting their vacation needs. Such a
concentration of numbers and activities in a small area presents management challenges similar to that
of a small town [152]. Sung et al., 2015 [112] used ARS images to estimate the annual carbon budget
from emission and sequestration of a weekend tourist resort in Korea by using LIDAR data combined
with visitor surveys and energy consumption data.
Furthermore, Miller et al., 2018 [106] provided an overview of the benefits of RS data for supporting
the sustainability of Protected Destination Systems (PDSs) as ecological touristic spaces that can be
taken as good practices in coastal tourism.
3.1.9. Land-Based Industry
Many types of industries can be found in coastal areas, especially in the vicinity of ports. Industrial
activities produce several environmental and socio-economic impacts that can be analysed using RS
technologies by assessing their effluents and use of resources from land, fresh, and marine waters.
There has been an unprecedented increase in desalination plants to meet the global demand for water.
• Desalination
The plants are broadly distributed along coastlines worldwide. The common impacts of their
effluent are water intakes, sea outfall discharges, and harmful algal blooms that can be detected and
monitored through the potential use of RS. For a large-scale area, [114] used MODIS visible and thermal
channels as an SRS application to assess the impact in the Arabian Gulf. Al Shehhi et al., 2017 [113]
provided a list of satellites commonly used in ocean colour applications and their characteristics,
and [153] presented a guide to the management of desalination impacts.
3.1.10. Coastal Infrastructure
Coastal infrastructure refers to structures built along coastlines, such as cross-sea bridges in
regional seas (e.g., Øresund bridge), marinas, ports, seawalls, groynes, jetties, piers, and many others.
• Cross-Sea Bridges
This type of infrastructure can bring huge benefits to the connected regions for social and economic
development, but also create an environmental impact. Yuan et al., 2019 [115] showed the impact of
these infrastructures on ocean colour RS data by using MODIS images.
• Marinas
The increase of these coastal infrastructures has accelerated in the late 20th century and early 21st
century along all coastlines of the world. Klein et al., 2001 [116] provided an approach to assessing
marina development and showed their impact on adjacent beaches using ARS images.
• Ports
In particular, shipping ports are important transport hubs in the global supply chain of goods.
Building such infrastructure attracts investors and there is an increasing competition between countries
and regions for the deep-water “Panamax” ports that are needed for giant or mega container ships,
or Very Large Crude Carriers (VLCC). Merico et al., 2019 [117] presented a network approach for
low-cost static sensors (SS) that operates in near-real-time data to assess shipping traffic impact and
harbour-related activities with a major concern for air quality. SRS can support the assessment of water
quality related to harbours despite the complexity of their hydrography and the influence of tides.
Hellweger et al., 2004 [118] compared different SRS images using time-averaged spatial analysis to
assess many parameters related to the impact of New York Harbor. ARS hyperspectral images can
also support monitoring of water quality in harbours [154]. Furthermore, [119] deployed ARS using
LiDAR-derived digital elevation to assess port infrastructure and its operability under scenarios of
sea-level rise.
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• Beach Nourishment
Nourishment of beaches with sand is used to reduce coastal erosion [155,156] and to attract
tourists [157]. Vos et al., 2019 [120] assessed different sandy beaches from different parts of the world
to quantify the changes in shorelines using different accessible, free SRS data combined with in situ
data, and provided a list of major civilian satellites to measure the impact of this activity.
3.1.11. Navigational Dredging
Shipping activities involve dredging operations to maintain navigational access and this can
contribute to the loss of habitat, due both to the removal of substrates and to lethal or sublethal stress
caused by elevated sedimentation and turbidity [158]. There are also large areas where the dredged
sediments may be stored, especially if they are contaminated. Many SRS-based approaches have been
used to assess the impacts. Caballero et al., 2018 [121] combined five public and commercial medium-
and high-resolution satellites that allowed cost-effective monitoring of turbidity plumes during
dredging processes, including WorldView-2, WorldView-3, Landsat-8, Sentinel-2A, and GeoEye-1 SRS.
3.1.12. Transport and Shipping
The maritime transport and shipping sectors have shown an exponential increase in the number
of vessels used to transport people and goods crossing different seas around the world [159].
Kanjir et al., 2018 [122] presented a literature survey of 30 years of research on ship detection and
classification using optical SRS imagery and presented positive and negative aspects of each type
of detection method, which allowed them to predict future trends for this area of SRS applications.
Xiao et all., 2018 [123] used SAR images (SRS) to distinguish between fishing and non-fishing vessels
based on the Random Forest approach in order to tackle overfishing issues.
3.1.13. Renewable Energy
Renewable energy may be generated in different ways, namely offshore wind, tides, ocean currents,
and waves. Wind farms are the most common [160]. They have been growing due to the environmental
conditions along the coasts and in the sea [161]. However, the installation of offshore wind farms and
their operation can degrade the sea floor and create artificial reefs. Their impact on the sustainability
of the sea needs to be assessed [162]. Hasager, 2014 [124] showed the potential of high-resolution SAR
data from RADARSAT-2 SRS to map offshore wind farms and to detect wakes from long and far-field
wind farms.
3.1.14. Non-Renewable Energy
• Fossil Fuels (Oil and Gas)
Offshore oil and gas operations present various environmental hazards due to drilling and spills,
as well as major accidents [163]. RS technologies can help to avoid both human and environmental
threats. Shukla and Karki, 2016 [125] reviewed the application of USVs and UUVs to survey offshore
sites, an inspection that requires remote assistance as well as surveillance for preventing and cleaning
up oil spills. Liu et al., 2018 [126] used a time-series RS approach to assess offshore oil and gas
platforms status by combining 26,000 SRS and ARS images from JERS, RADARSAT-1, ENVISAT, ALSO
(PALASAR), Landsat Collection, and (S-NPP) VIIRS SRS, as well as from the National Agriculture
Imagery Program (NAIP) aerial images. This approach detected 9260 platforms and determined
installation and removal dates.
• Nuclear Power
Nuclear power plants are often located on coasts to use the seawater for cooling. This entails some
risks, such as the 2011 Fukushima Daiichi accident after a tsunami caused by the Sendai earthquake in
Japan. However, many others are at risk from erosion, rising sea-levels, and storm surges; a well-known
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example being Hinkley Point in the UK. Nevertheless, normal operation causes thermal discharge
pollution that has a significant impact on the coastal environments and marine ecosystems [164].
Dai et al., 2012 [127] used a multi-temporal Landsat band six thermal infrared SRS images to assess
the spatial diffusion of thermal discharge and to quantify the variability of sea surface temperatures.
3.1.15. Carbon Capture and Storage
Carbon capture and storage (CCS) is one option to reduce the CO2 from emissions. There is
growing interest and investment, but there are uncertainties with respect to adapted technologies,
engineering performance, and natural hazards [165]. The U.S. Department of Energy, National Energy
Technology Laboratory, has developed many applications of RS technologies to monitor storage
operations, including SRS, ARS (LiDAR), and USV [128] to assess CCS. The full list of technologies is
provided by [128].
3.1.16. Marine Archaeology
Marine archaeologists have identified several marine archaeological sites, especially with the use
of RS technologies such as SRS and UUVs to detect the objects and features of these sites [166–168].
Luo et al., 2019 [129] reviewed a century of SRS and ARS applications for archaeological research,
including the coast and the sea.
3.1.17. Land Reclamation
Land-use change and reclamation of coastal areas have increased due to increasing pressure in
the coastal zone, especially for agriculture, aquaculture, urbanization, industrial plants, infrastructure
such as airports, and even artificial islands [169]. Martin-Anton et al 2016 [170] assessed the world’s
land reclamation situation using Google Earth and showed that the highest development exists in East
Asian countries (China, Japan, and Korea). Zhang et al., 2017 [171] focused especially on the South
China Sea, using SRS from Landsat to assess the situation between 1975 and 2010. Pressures from
land reclamation activities lead to environmental change and degradation of coastal natural habitats,
such as wetlands and dunes. RS can be used to measure changes and monitor reclaimed land and
coastline length [172–174]. Erten and Rossi, 2019 [130] used SRS from Sentinel-1 images to detect and
assess subtle land displacements to monitor small areas with high risk.
3.1.18. Military
For the military, mostly the Navy, infrastructure on the coast is growing due to being
strategically important, and recently many new structures have been revealed through satellite
images. Smith et al., 2019 [131] presented evidence of environmental changes from a military base
built on artificial islands on the South China Sea by using SRS data from DigitalGlobe and MODIS
images. Furthermore, another issue resulting from military activities in coastal marine environments is
the intentional disposal of unexploded ordnance and munitions that contain organic explosives and a
variety of metals. These can be assessed by RS technologies (USV and UUV) using Multibeam sonar,
sub-bottom profiling, and magnetometry [132].
3.2. RS and Pressures
The increasing influence of human activities on the coast and the ocean leads to a variety of
anthropogenic pressures combined with natural pressures, which make them hotspots of global
change [36,175]. Recent advances in remote sensing technologies (RS) can help in mapping and
assessing the pressures. Table 2 summarizes the recent advanced application of RS in relation to the
main pressures that can be found in marine and coastal areas and their usefulness regarding WFD
indicators, MSFD descriptors, UN SDGs targets, and OHI goals.
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Table 2. A review of the remote sensing applications that are being developed for each pressure related to coastal and marine areas.
RS technology If SRS Data Environment WFD MSFD UNSDG OHIPressures Sub- Pressures SRS, ARS, UAV,
USV, UUV, SS Satellite
Description/Application Reference
Coastal/Marine Indicators Descriptors Targets Goals
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Satellite Retrieval of Surface Water Nutrients in
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Table 2. Cont.
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For WFD, there are three main indicators: Biological Quality Elements (BQE), Physico-Chemical
Quality Elements (P-CQE), and Hydromorphological Quality Elements (HQE) (see https://ec.europa.
eu/environment/water/water-framework/index_en.html).
For MSFD, there are eleven related descriptors: D1—biological diversity; D2—non-indigenous
species; D3—fisheries; D4—food webs; D5—eutrophication; D6—seafloor integrity;
D7—hydrographical conditions; D8—contaminants; D9—contaminants in seafood; D10—marine
litter; and D11—energy and noise (see https://ec.europa.eu/environment/marine/eu-coast-and-marine-
policy/marine-strategy-framework-directive/index_en.htm).
For the SDGs, there are seventeen goals: SDG1—no poverty; SDG2—zero hunger; SDG3—good
health and well-being; SDG4—quality education; SDG5—gender equality; SDG6—clean water
and sanitation; SDG7—affordable and clean energy; SDG8—decent work and economic growth;
SDG9—industry, innovation, and infrastructures; SDG10—reduced inequality; SDG11—sustainable
cities and communities; SDG12—responsible consumption; SDG13—climate action; SDG14—life below
water; SDG15—life on land; SDG16—peace justice and strong institutions; and SDG17—partnerships
for the goals. Furthermore, each goal has specifics targets (e.g., T14.1 is the first target of SDG 14,
and T6.3 is the third target of SDG 6).
For OHI, there are ten goals: G1—food provision; G2—artisanal fishing opportunities;
G3—natural products; G4—carbon storage; G5—coastal protection; G6—tourism and recreation;
G7—coastal livelihoods and economies; G8—sense of place; G9—clean waters; and G10—biodiversity.
Furthermore, each goal has specific components (http://www.oceanhealthindex.org/methodology/
goals). Some components can occur in more than one goal (e.g., nutrient pollution).
The findings show which approach could be followed to assess a specific pressure found in one
of the environmental indicators, descriptors, targets, or/and goals. For instance, an environmental
engineer working on nutrient enrichment assessments could follow the application made by [89] and
related frameworks (see Table 2).
3.2.1. Nutrient Enrichment
Activities related to agriculture and animal rearing, including aquaculture, urban sewage,
and transport, introduce nutrients to coastal waters through diffuse run-off, atmospheric deposition,
and point-sources of effluents. Increasing nitrate and phosphate loads on the coastal and marine
environment can lead to eutrophication, phytoplankton, and algal blooms [201,202]. These pressures
affect the function of aquatic ecosystems and lead to the decline of marine habitats. RS monitoring
approaches can offer high-frequency and large-scale observation to assess nitrate and phosphate as
important water quality indicators. Wang et al., 2018 [89] used SRS images from GOCI and SMAP
satellites together with sea surface salinity and remote-sensing reflectance models that enabled them to
obtain long time-series variation in nitrate and phosphorus concentration. MODIS, MERIS, Landsat,
and SeaWiFS SRS images can be used for short-term detection. Furthermore, [203] provided a model
derived from satellite-sensed components, such as sea surface temperature, chlorophyll, and others,
to estimate a global monthly nitrate concentration at the sea surface.
3.2.2. Underwater Noise
Human activities, such as maritime transport, fishing, geophysical exploration, and dredging,
increase the pressure of underwater noise by generating a sound that causes negative impacts on
marine life. This pressure can be amplified in shallow water, such as lagoons [4,177]. Churnside et al.,
2014 [176] suggested theoretical approaches that use ARS images (i.e., LiDAR) to measure sound in the
upper ocean by modelling natural bubbles near the sea surface. Soares et al., 2019 [177] used the RS
approach based on SS hydrophone (called digitalHyd SR-1) to record the noise between summer and
winter in the Ria Formosa lagoon in Portugal.
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3.2.3. Death and Injury
Death and injury pressures on marine organisms can be posed by several activities, such as
smothering or dredging materials. Cunning et al., 2019 [178] used SRS data from MODIS and Landsat
images to identify sediment plumes in the port of Miami and to quantify its effect on coral mortality
and critical habitat loss. This was combined with in situ data to reliably evaluate the magnitude and
extent of the area affected by the dredging activity.
3.2.4. Presence of Marine Litter
The issue of marine litter, especially marine plastic, has been highly visible on all media types and
has focused public concerns on this type of pollution as an important societal problem. Efforts to tackle
marine litter have focused on the management aspect, rather than monitoring pressures [204,205].
There are many types of debris that can be found on the coast and the sea, including microplastics,
as well as many other wastes. RS applications to marine litter are still in their early stages, but present a
great potential to provide global monitoring with extensive coverage and long-term assessment [206].
• General Marine Litter
Different RS technologies can be applied to assess marine litter from space (SRS, ARS, and UAV).
UAVs are the most used, as they are 39 times faster than a visual census [182]. The segmentation
threshold method, using statistical information of image histograms, is considered a suitable approach
for extracting targets from UAV images [181]. Fallati et al., 2019 [183] combined UAV images with
deep-learning-based software to confirm the efficiency of UAVs as tools for monitoring and to
demonstrate the potential of deep learning for automatic detection. Martin et al., 2018 [182] used a beta
version of the machine learning tool. Furthermore, ARS and SRS have been used to collect marine litter
information. Moy et al., 2018 [185] used high-resolution SRS imagery for automatic digital classification
of marine litter. From an assessment of three beaches, the images were integrated with hyperspectral
laboratory measurements that showed an overall accuracy equivalent to 88% with detection of over
50 tons of debris. Moy et al., 2018 [185] provided precise macro-debris (>0.05 m2) measurements to
identify 20,658 debris items with their location, type, and size along 1600 km of coastline in the Huawei
island by using ARS images; plastics comprised 83% of the total count.
At a regional scale, a beach litter database for the European sea (under the EMODnet initiative)
has been developed by the European Commission (JRC), HELCOM, OSPAR, and the MSFD marine
litter group by assessing 518 beaches from 29 countries, including SRS surveys [207].
Moreover, [179] suggested a conceptual model of an Integrated Marine Debris Observing System
(IMDOS) to monitor changes and distribution of marine debris dynamics by providing a global
coverage and precision by using RS data (SRS, ARS, UAV, USV, and SS) and in situ data in order to
mitigate the impacts effectively.
• Marine Plastic
The plastics eventually accumulate in the five ocean gyres, forming garbage patches that are so
large that they are visible from space. The plastic particles can be detected through RS images. Garaba
et al., 2018 [180] used ARS hyperspectral shortwave infrared images to separate marine litter from
surrounding seawater using the unique absorption features of the polymer identification technique.
Goddijn-Murphy et al., 2018 [208] presented a concept of the spectral model of a hyperspectral RS
algorithm that calculates sea surface plastic litter and concluded that it could be visible with spectral
light reflectance measurements. A comprehensive SWIR (Short Wave Infrared) spectral signature
library for oceanic plastics is in progress.
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3.2.5. Substratum Loss
Substratum is important for benthic and demersal species that live associated with the bottom
habitat, and sea-floor integrity is a descriptor of marine environmental status (D6 of MSFD). RS can
assess the substrates, especially in shallow water. An indirect method to evaluate the bottom is to
assess the evolution of water depth. Mancini et al., 2012 [186] compared ARS data using Lidar with
SRS data derived from Worldview2 to analyse the sea depth and demonstrated a low relative error
between both datasets.
3.2.6. Coastal Erosion
Anthropogenic activities, such as the use of sand for urbanization, dredging, and building coastal
infrastructure, may lead to coastal erosion pressures and the displacement of the shoreline by natural
forces from waves and currents. Toure et al., 2019 [187] presented a state-of-the-art review on the image
processing methods using optical SRS for shoreline detection. This includes a summary of shoreline
indicators, a list of segmentation, and edge detection approaches.
3.2.7. Change in Salinity
Salinity can change due to natural and/or human factors, and RS can be used to assess these
changes. Satellite colour imagery (SRS) can be used to measure salinity.
Soil Moisture and Ocean Salinity (SMOS) was the first mission to measure global Sea Surface
Salinity (SSS) from space and which started in 2009. Then, it was followed by the Aquarius mission
in 2011, which experienced a power failure and stopped working in 2015. The measurement of SSS
has been further enhanced after the launch of the Soil Moisture Active–Passive (SMOS) mission in
2015 that provided improved spatial and temporal resolutions compared to previous methods [209].
However, all these missions presents large discrepancies that can be found in high latitudes and in the
regions along the coast [209].
Furthermore, different alternatives were developed to improve the salinity data products.
For instance, algorithms were used to convert data from the absorption of coloured dissolved
organic matter that can be retrieved into salinity units [210].
Statistical approaches, such as multi-linear regression, neural networks, least square regression,
and the Box–Jenkins algorithm [188], can also be used to measure radiance or reflectance correlated
with salinity. Zhao et al., 2017 [188] used SRS from Landsat 8 OLI data to assess sea surface salinity in
the hyper-saline Arabian Gulf while [189] used the SRS image from Aquarius satellite data to measure
the salinity.
3.2.8. Input of Synthetic Compounds: Hydrocarbons
Increased activities on the coast and at sea, such as offshore oil and gas platforms, transport and
shipping, as well as urban runoff, have increased the risk of pollution and contamination from synthetic
compounds, hydrocarbons (oil and gas), and metals. RS data have played an important role in assessing
oil spills, which are a major environmental concern that can have dramatic consequences [211–213].
SAR (SRS) data can be used to detect oil spills; nevertheless, they are limited in their capacity
to separate mineral oil from natural, biogenic films [213], because of noise in the signal. Moreover,
there are challenges due to the oil slick thickness that have been poorly studied [214]. A review of oil
spill remote sensing is presented by [190] where radar (SRS) is the dominant approach for mapping oil
spills. Odonkor et al., 2019 [191] established a distributed approach (called PSOil) to map offshore oil
spills using a collaborating team of UAVs.
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3.2.9. Input of Non-Synthetic Compounds: Toxic Metals
Human activities from industries, agriculture, transport and ports, as well as sewage effluent
increase the pressure of metal contamination and pollution on the coastal and marine environment.
Metals are non-biodegradable and some are toxic, as well as accumulating in sediments and biota,
presenting a serious environmental problem [215].
Zhu et al., 2017 [192] used SRS data from Landsat images to assess the risk of heavy metals in a
coastal area that was affected by high-intensity land reclamation.
3.2.10. Input of Organic Matter
Anthropogenic activities, such as the input of sewage effluent and manure, paper mills, and food
processing, increase the pressure of organic matter inputs into coastal and marine ecosystems, and can
result in reduced water quality and ecosystem health [216]. Organic matter can be either particulate
(POM) or dissolved (DOM). DOM can also come from natural processes, such as fluvic and humic
acids. Once in the aquatic system, it becomes a dissolved organic matter [217]. Therefore, the Coloured
Dissolved Organic Matter (CDOM), which is an optically active subset of DOM, is considered as an
important tracer of effluent plumes in coastal waters [218]. Aurin et al., 2012 [219] presented limitations
and advantages of ocean colour RS for detecting the CDOM.
RS images have been deployed in many research studies to estimate the organic matter in coastal
and marine environments. Wang et al., 2018, Han et al., 2019 and Zan, 2019 [193–195] used SRS data
from Landsat images using different approaches to estimate soil organic matter for different coastal
ecosystems. Juhls et al., 2019 [196] used SRS data from MERIS L1 satellite scenes to test the statistical
performance of five ocean colour remote sensing algorithms and to evaluate the credibility of the
spatial distribution of the derived DOM at a fluvial–marine transition area. Cao et al., 2018 [220]
used new RS algorithms with a multiple linear regression approach that was developed for retrieving
CDOM quality across an estuary ecosystem and that were developed from MERIS/MODIS data.
Long-term changes in CDOM have been presented by [123] using (MODIS)/Aqua products to
understand the biogeochemical properties of water bodies and their dynamics.
3.2.11. Input of Radionuclides
Radionuclides (e.g., 238U, 232Th, and 40K) naturally occur on the coast and at sea due to geological
processes. Examples are the black sand beaches of Kerela (India) and estuaries in uranium-rich
catchments, e.g., Figueira da Foz, Portugal. Anthropogenic activities, such as inputs from a nuclear
power plant, can further contaminate sediments [221], sometimes over long distances, such as
atmospheric deposition from Chernobyl on West European systems.
An overview of current and future aerial system applications to map radiation is discussed by [197].
A gamma-ray spectrometer is generally used to detect, identify, and classify radionuclides [222] and
to identify the sources. Gamma-ray spectrometers can be used on RS devices, such as ARS, UAV,
or SRS. Kaiser et al., 2014 [198] used ARS gamma-ray spectrometry and SRS from Landsat to measure
radioactive abundance along the Rosetta coast (Egypt). They found high concentrations of potassium
and a high relative abundance of uranium and thorium due to fertilizer application on cultivated land
in the Nile Delta. Martin et al., 2016 [199] deployed a lightweight radiation detection system on a UAV
to measure the distribution of radiation with a high accuracy, spatial resolution, and sensitivity for the
assessment of a nuclear site in England.
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3.2.12. Thermal Pollution
Power plant activities discharge cooling water, causing thermal pollution pressure on the coastal
waters that can be assessed by measuring the water temperature distribution [223]. This is difficult and
expensive through in situ measurement, making RS technologies an excellent tool for this purpose.
Ma et al., 2017 [200] used a combination of SRS data from Landsat (ETM+), HJ-1B, and Terra
(MODIS) satellites to compare sea surface temperature before and after an operating nuclear power
plant in the coastal area of China and detected a rise of more than 3 ◦C at approximately 17 km.
3.3. RS and State Changes
The pressures from human activities cause state changes in the environment, especially the
physio-chemical variables and biological quality elements [7,202]. These are also relevant to several
environmental policies, such as the WFD and the MSFD. These variables will be described one by one
in this section.
Recent advances in RS technologies can quantify and assess the environmental state changes.
Table 3 summarizes the recent advanced application of RS in relation to the state changes on the
environment that can be found in marine and coastal systems.
3.3.1. Water Quality
Combining in situ and RS data for water-quality monitoring allows a holistic analysis that can
provide alternative management scenarios [243]. Coastal and ocean monitoring are challenging due to
multiple sources that modify physico-biological processes [244]. Gholizadeh et al., 2016 [224] presented
a review of the commonly employed SRS and ARS to investigate and identify eleven water-quality
parameters. A list of sensors for water assessment was presented, including a scan system, type,
resolution, spectral range, number of bands, and imaging swath. Furthermore, a list of spectral bands
combination and their ratios to assess some parameters is presented as well.
Shang et al., 2018 [245] presented state-of-the-art technology of RS platforms and their sensors
that are used for monitoring water quality status and ecosystem state in relation to the nutrient cycle.
3.3.2. Water Turbidity
RS images can be used for understanding the temporal turbidity changes and sediment dynamics in
coastal systems. Choi et al., 2012 [225] showed the effectiveness of using RS data from the Geostationary
Ocean Colour Imager (GOCI) for monitoring the temporal dynamics of coastal water turbidity.
3.3.3. Suspended Particulate Matter
In coastal waters, geostationary satellite ocean colour daily data is used to map the dynamics of
suspended particulate matter. SRS image from GOCI provides hourly observations that can successfully
map SPM in different areas, even in highly dynamic coastal waters [226]. Shang and Xu, 2015 [246]
used the atmospheric correction algorithm (UV-AC) from GOCI images, a method developed by [226]
and it has been validated with in situ data that showed its potential in coastal turbidity waters.
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Table 3. A review of the remote sensing applications that are being developed for each state change related to coastal and marine areas.
RS technology If SRS Data Environment WFD MSFD UNSDG OHIState Changes Sub-State
Changes SRS, ARS, UAV,
USV, UUV, SS Satellite
Description/Application Reference
Coastal/Marine Indicators Descriptors Targets Goals
Water Quality General SRSARS -
A Comprehensive review on water quality
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RS technology If SRS Data Environment WFD MSFD UNSDG OHIState Changes Sub-State
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pH Changes General SRS - RS of surface ocean PH exploiting sea surfacesalinity satellite observations [243] M PCQE T6.1
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3.3.4. Coastal and Marine Habitats
There are different types of coastal and marine habitats, such as wetlands, coastal vegetation,
salt marshes, mangroves, seagrasses, coral reefs, and kelp beds, that provide a range of valuable
goods and services to the environment and humans. The mapping of coastal and marine habitats
is a preliminary step for studies of ecosystems. Pham et al., 2019 [227] presented a comprehensive
review of RS data used for mapping and monitoring blue carbon ecosystems (mangroves, seagrasses,
and salt marshes), including high spatial resolution and medium/low spatial resolution with different
sensors from SRS, ARS, UAV, and USV. The review covers studies undertaken from 2010 to 2018.
Furthermore, [73] developed a cost-effective UUV, using a photogrammetry approach that can produce
accurate and precise high-resolution models to monitor marine habitats on a small scale (e.g., biogenic
reefs and seagrass meadows).
• Wetlands
Coastal wetlands play an important role in protecting communities from climate change
impacts, as they moderate the climate and at the same time, are vulnerable ecosystems [36,247].
RS applications provide knowledge to understand the functioning process of these ecosystems.
Guo et al., 2017 [26] provided an overview of the application of SRS and ARS data to wetland
research by reviewing seven types of sensors. These include aerial photos with coarse-resolution,
medium-resolution, high-resolution, hyperspectral imagery, radar, and LiDAR data to track the changes
in wetland ecosystems.
• Mangrove Change
Mangroves are highly productive ecosystems on tropical coasts. Their changing state can impact
the entire surrounding ecosystems. RS applications for mangroves include distribution, biophysical
parameter identification, and characterization of their state. Wang et al., 2019 [228] highlighted the major
RS development for mangroves by reviewing historical research from 1956 to 2018. This includes SRS,
ARS, and UAV uses for understanding and analysing these ecosystems. Furthermore, different aspects
were reviewed, including extent (area) mapping, leaf area index estimation, species classification, height
estimation, carbon stock estimation, health assessment, carbon flux characterization, ecohydrology,
and climate impact on mangroves.
• Seagrass
Seagrasses are foundation species for physio-chemical and biological processes in coastal and
marine ecosystems [248]. They also provide habitat for other organisms, such as juvenile fish and
invertebrates. Numerous studies have documented the advantages of RS technologies for seagrass
research: SRS [249,250], ARS [251], UAV [252] to USV, and SS [253]. To assess the state change of
seagrasses, [229] presented an overview of the RS platforms that can be used to assess state changes,
measure biophysical properties, map, monitor, and model the seagrasses ecosystem, as well as
specifying the environmental conditions that do not allow the RS and their approaches to work.
• Coral Reefs
Coral reef communities are facing state changes and are even in decline worldwide due to natural
and anthropogenic pressures from different activities at the local, regional, and global scales [254,255].
To assess and measure the effects of such pressures in complex coastal and marine ecosystems, RS are
becoming keystone technologies to tackle this crisis and that can be deployed as well to quantify their
distribution and their changes [256]. Hedley et al., 2016 [230] presented a full review of RS technologies
that can be applied to monitor and manage changes in coral reefs ecosystems, including SRS and ARS.
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• Macroalgae
High-Resolution SRS Observations have been used as well to detect Sargassum blooms [257].
In general, these macroalgae can grow so large that they blanket coastlines or can cover large areas
of the sea, such as the case of green tides that occurred for eleven consecutive years in the Yellow
Sea [258].
• Vegetation Change
Coastal vegetation is effective for protecting coastal cities from sea storms and, also, from erosion
on the watershed and their rivers. Their changes might impact the ecosystems, such as a change
in sedimentation flux, water flux, and biodiversity changes. Favretto, 2018 [231] applied a change
detection analysis to the thematic map time series by SRS from Landsat to assess the forest vegetation
changes in the Trieste province of Italy through the use of an Enhanced Vegetation Index (EVI) as a
suitable index for their physical characteristics.
3.3.5. Marine Fauna
Marine fauna provides a variety of ecosystem services for nature and humans, such as food
(provisioning service) and cetacean watching (cultural service). However, human activities and
resulting pressures degrade the health and sustainability of marine fauna. RS technologies have been
used for tracking marine fauna to monitor and assess changes in their status. Satellite telemetry has
been used for marine animal surveys to follow a target and track movement.
Recently, UAVs, USVs, and UUVs have provided many new advantages to detect and monitor
marine fauna and their state change. There have been improvements in mission safety and
repeatability, longer survey durations, and reducing costs. Verfuss et al., 2019 [70] highlighted
suitable systems for three monitoring systems of marine fauna, including population, mitigation,
and focal animal monitoring.
• Sea Birds and Marine Mammals
Sea birds and marine mammals include important “top predator” species of the marine ecosystem.
RS technologies have been increasingly used for research on seabirds and mammals in recent years.
Kemper et al., 2016 [232] used the ARS approach to detect and identify marine mammal species or a
species group using a twin-camera system that generates high-quality images. This approach can be
applied to complement land-based species counts.
• Turtles
Satellite telemetry has been used to track the movement of turtles and changes. Coleman et al.,
2017 [233] used a UUV attached to the back of sea turtles (called Platform Terminal Transmitter PPT)
that is tracked with earth-orbiting satellite to follow the movement of turtles. The collected data
showed changes that happened in the Mississippi-Gulf region.
• Sharks
Sharks are also important apex predator species of the marine ecosystem. Their populations have
been declining during the last five decades, with resulting state change in many marine ecosystems [259].
SRS has been used in many research studies to follow the activities and pressures, causing the decline
of sharks. Williamson et al., 2019 [234] presented a global map that shows the regions where SRS has
been deployed for shark ecology and conservation, showing a common tagging technology.
3.3.6. Benthic Environment
Activities and pressures to the marine environment affect the spatial distribution of benthic
species in both shallow waters and the deep sea, which contributes to the state change of these benthic
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ecosystems. Rengstorf et al., 2014 [235] provided an overview of methodologies used to predict the
distribution of deep-sea benthic species. The Irish remotely-operated vehicle (ROV) Holland I and
a UUV were deployed to assess the benthos by using high-resolution imagery. This enabled the
assessment of changes and illustrated the emerging issues.
3.3.7. Physical Parameter Changes
The physical parameters of seawater can be measured directly and indirectly. Direct in situ
measurements can be expensive to carry out in the field. RS applications are often the most cost-effective
and fit for purpose options to assess these parameters and changes that affect the environmental state
of the coastal and marine ecosystems. Some of the important physical parameters are sea surface
temperature (SST), sea currents, and waves.
• Sea Surface Temperature (SST)
SST is the most important physical parameter to be measured to monitor the state change and the
health of the coastal and marine environments. Several anthropogenic activities and pressures can
affect SST, and most of the marine ecosystems can be affected. Examples of this are widespread coral
bleaching events. SRS data provides a comprehensive view of the coastal and marine ecosystems and
allows a synoptic measurement of SST, which has been used in research worldwide [260–263]. Minnett
et al., 2019 [236] provided a half-century of the historical development of SRS sensors to measure SST.
The challenges of data volumes, distribution, analysis, and communication are included.
• High Wave Exposure
The measurement of wave height and storm surge is essential for coastal protection, shipping,
and offshore operations. Anthropogenic activities and pressures can increase the vulnerability to natural
hazards, for example, by urbanizing low-lying coasts. Low-lying coastal urban areas and atolls are key
societal hotspots of coastal vulnerability and changes in wave exposure [264]. Radar images have been
the most significant sensors used to assess changes in wave and to estimate wave height [237,265,266].
SRS contributes to increasing operational awareness and human safety and many marine applications.
3.3.8. Coastal Landslide
Landslides have impacted coastal structures, cliffs, and hillsides in many regions around the world.
These are associated with an increase of severe weather events associated with climate change [267].
They are also related to urbanization activities and pressures [268]. The most extreme coastal landslide
example known in the Mediterranean coast (Cármenes del Mar resort, Granada, Spain) was assessed by
deploying SRS using ENVISAT SAR images and a UAV using the photogrammetry approach, and both
applications allowed quantifying the changes of building displacements and the structural changes as
well [238].
3.3.9. Land Subsidence
Growing urbanization in major coastal cities has led to various activities and pressures, such as
overexploiting groundwater, reclaiming lands, and built-up areas [269]. These result in a state change
on the coastal environment causing surface deformation and land subsidence, especially in river-mouth
systems [270]. RS can be deployed to identify the areas most vulnerable to land subsidence. Cian et al.,
2019 [239] used SAR data from SRS Sentinel-1 images and applied Persistent Scatterer Interferometry
(PSI) technique as a powerful tool able to monitor displacements of the Earth’s surface over time [271].
The research integrated the Sentinel Application Platform (SNAP) and the Stanford Method for
Persistent Scatterers (StaMPS), which showed the potential to monitor land subsidence and coastal
resilience assessment in many African coastal cities.
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3.3.10. Shoreline Changes
Coastal erosion pressures usually lead to beach and shoreline changes due to different
anthropogenic activities. Historical RS data can document the evolution of coastal shorelines and their
changes. Zhang et al., 2019 [240] used SRS from Landsat and Gaofen-1 (WFV) satellites to extract
shoreline data and their evolution for 20 years, to detect the state changes of Wenchang City beach, in
South China.
3.3.11. Turbidity Plumes
Turbidity plumes are mostly produced during dredging and drilling activities and cause a state
change in the marine environment. They can be detected through RS images. For instance, building an
artificial island in the South China sea has led to turbidity plumes that were detected through SRS using
Landsat and MODIS data [241]. A turbidity index was developed as a simple subtraction algorithm
difference between two Rayleigh-corrected reflectances at 469 and 645 nm [272], which allowed for
easy detection of turbidity plumes [241].
3.3.12. Harmful Algal Blooms
Algal blooms are considered a major indicator of marine ecosystem health, which shows the state
change of the environment. Hence, a variety of operational RS sensors have been developed to assess
the HAB during the last four decades [273–275]. Progress and limitations of the developed algorithms
used through multispectral ocean colour SRS sensors, such as CZCS, SeaWiFS, MODIS, and MERIS,
have been discussed and reviewed by [90] in order to understand the triggering factors behind algal
blooms and to analyse their spatio-temporal patterns in coastal and open-sea ecosystems.
3.3.13. pH Changes
Ocean pH is an important environmental variable to assess coastal and marine health ecosystems.
Ocean acidification is a decrease in pH that causes a major state change on marine organisms and
environments. The surface ocean pH has been estimated through RS application in many ocean regions.
Sabia et al., 2015 [242] presented the best appropriate approach to estimate surface ocean pH through
the combination of different existing SRS datasets to unify the fragmented RS study and to generate a
novel value-added SRS product.
3.4. RS and Impact (on Welfare)
Changes in the environment that have consequences for societal welfare (goods and benefits)
are considered as an impact (on human welfare) [7]. At present, only the impacts presenting risk to
public health (e.g., gas emission) and risk to public life and infrastructure (e.g., storm surge) can be
assessed using RS technologies. Other economic and social impacts (e.g., loss of jobs, loss of revenue)
are assessed differently. Table 4 summarizes the recent advanced application of RS in relation to the
main impact (on welfare).
Table 4. The remote sensing applications that are being developed for each impact (on welfare).
RS Technology If SRS DataImpact (on
Welfare)
Sub-Impact
(on Welfare) SRS, ARS, UAV, USV, UUV, SS Satellite
Description/Application Reference
Public Health
Risk Gas Emission UAV -
Towards the development of a
low-cost airborne sensing
system to monitor dust






Storm surge SRS MODIS
Global mapping of storm
surges and the assessment of
coastal vulnerability
[277]
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3.4.1. Public Health Risk
Public health risks impact human health through disease or infectious environmental conditions.
Industrial waste gas emission represents a better case for impacting human health and health care
expenditure [278]. As air quality monitoring methods use a limited number of fixed sampling,
RS technologies that cover a larger area can help to assess the gas emission and dispersion that can
affect human health. Neumann et al., 2013 [279] developed a bio-inspired and particle filter-based
algorithm to localize a gas emission and its source using a micro-drone as a UAV. A list of RS
technologies that were used for monitoring gases is presented by [276].
3.4.2. Risk to Public Life and Infrastructure
Storm surges pose some of the most devastating hazards to coastal regions that represent a risk to
human life and/or an impact on its welfare, as they are both deadly and costly [280,281]. RS applications
are effective for impact assessment and future prediction, while ground surveys to assess a post-surge
impact are expensive, laborious, and lack a spatial dimension. Brakenridge et al., 2013 [277] surveyed
an SRS application for three catastrophic storm surges worldwide and presented a global mapping
approach to assess coastal impact and vulnerability.
3.5. RS as a Response (as Measure)
Coastal and marine responses are measures to be taken to face changes resulting from drivers,
activities, and pressures. Besides the strengths that RS technologies have had on the first DAPSI(W)R(M)
component, “D-A-P-S-I(W)”, the application of these technologies can be a major response (as measure)
in emerging and developing economies countries by building a collaborative unit and practical
framework that will integrate all sectors that can use RS in order to assess and monitor drivers,
activities, pressures, and state change on their coastal and marine environment.
The measures should follow the 10-tenets approach for adaptive management and sustainability,
developed by [282].
Ecological RS applications with the different sensors have proven to be useful, such as
the monitoring of blue carbon ecosystems [227,283], habitat [284], and valuation of ecosystem
services [285,286]. For instance, coral reef restoration as a measure could be addressed by
using RS technologies as they provide information on various abiotic conditions and other site
characteristics [287].
Another essential response (as a measure) is to use low cost SS to obtain and communicate
significant parameters to monitor the coastal and marine environment. Lay Ekuakille et al., 2019 [288]
presented the advances in SS that could help to monitor water quality.
To manage natural resources and protect the coastal and marine ecosystems in conflict zones,
RS can be used to access politically sensitive areas [289].
Civil security and public safety due to natural hazard (e.g., floods and hurricanes) and/or
anthropogenic disaster (e.g., industrial waste gas emission and broken dams) that may occur in coastal
and marine areas could be assessed using RS technologies. For instance, UAVs have shown great
potential in their application as a response to the disaster [290].
4. Discussion
RS technologies present an opportunity to assess and analyse important elements of the
DAPSI(W)R(M) framework. Despite their strengths, the advances in RS sensors still have limitations
and offer challenges to enable a holistic coastal and marine management application. Therefore,
there are still large improvements to be made to achieve environmental integration for assessment and
monitoring. Challenges facing current sensors for future uses, opportunities, and recommendations
to move toward integrated management, as well as recommendations to overcome the challenges,
are presented in the following sections (Sections 4.1 and 4.2).
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4.1. Limitations of Current Technologies and Challenges
There are some limitations to existing RS technologies and challenges for their application
that should be addressed to implement integrated coastal and marine environmental management.
Current RS technology is still not developed enough to monitor complicated ecosystems, presenting
deficiencies in many aspects, such as sensors, used technologies, data collection, storage, uncertainties,
extrapolation, affordability, accessibility, dissemination, communication, and political issues.
4.1.1. Technology-Based Challenge
The challenges here consider the RS technologies reviewed under this research: SRS, ARS, UAV,
USV, UUV, and SS.
SRS Challenges: Despite the wide-ranging observation of coastal and marine ecosystems over
a large spatio-temporal scale through SRS, satellite data still offer challenges. Their resolutions are
generally coarser compared to other sensors related to the assessment of specific target activities
(e.g., livestock and aquaculture), pressures (e.g., underwater noise and presence of marine litter),
and state changes (e.g., marine habitat). Most of the SRS-based research has so far been focused on
a few aspects related to coastal and marine environments. Past datasets derived from previous SRS
missions are limited by the coarse resolution to perform time series analysis and predict future state
changes and impacts. Some SRS sensors present significant uncertainties for the detection of variables:
for instance, due to noise, oil spill pressure detection is limited when using spaceborne polarimetric
SARs [213].
ARS challenges: ARS images still need improvement for flight pathways with georeferenced
lines [291]. The resulting images need to be processed in standardized ways to match with other
sensors. ARS missions remain expensive compared to other sensors.
Due to wide flight lines along coastal and marine environments, the collected data could be
ambiguous for some specific targets.
UAV challenges: UAV missions are often carried out by private research teams, private companies,
individual institutions, or individuals. The data are not free and can be costly as well. Despite
technological advances with rechargeable batteries, a limited flight duration, mostly less than an hour
(mostly small UAV), hampers the ability to cover larger areas and time of the mission; thus, reduced
autonomy is challenging [292]. While aircraft UAV is capable of reaching altitudes above 12 km [293],
small UAVs still have limited altitude. Limitations to available weight capacity reduce the availability
of sensors that can assess specific coastal and marine components, especially for a small UAV [294].
Operational safety for UAV missions remains challenging. Attaining extended distances at sea from a
coastal mission still needs improvement. A limited flying attitude may disturb wildlife [295]. Finally,
coordinating several UAVs during surveillance and pursuit also remains challenging [296].
USV challenges: Automated and reliable guidance and navigation for USV remains challenging;
also, USV sensing faces limitations from water reflections and visual noises. Hydrodynamic forces and
moments are still not fully understood to perform a stable USV mission [71]. Surveys under extreme
weather conditions to assess long-term impacts also remain challenging [297].
UUV challenges: Many factors make the underwater environment challenging, such as the lack
of GPS information on positioning the UUV and its sensors, impact of light refraction on reducing
field view, as well as underwater clarity and turbidity that could affect the image quality [73,298,299].
UUV’s potential risks for disturbing animals is also a challenging task. Avoiding collision between
multiple UUVs surveys within their path planning in the complicated marine environments is
challenging [300].
SS limitations: Limited coverage and limited expansion are the challenging gaps that exist on
the SS application to derive in situ observations. The SS network’s communication between different
devices remains challenging.
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4.1.2. Uncertainties
RS-derived images are subject to large uncertainties due to the ecosystem complexity of the coastal
and marine environments. For instance, coastal shallow water has a high reflectance, which contributes
to ambiguity for data acquisition [301]. Furthermore, the accumulation of uncertainties at various levels
of satellite data processing could generate inaccurate results and interpretation. Therefore, associating
uncertainties to a specific variable when assessing coastal and marine parameters is a challenging task.
In general, the uncertainty aspect should be revisited in greater detail for each applied method and
thus for each parameter.
4.1.3. Accessibility and Affordability
Over the last decades, there have been many applications of RS technologies to assess coastal
and marine ecosystems. Many satellites have been launched, and many sensors have been developed
due to environmental concerns. However, most of the advances have been centered on the use of
data, including acquisition, processing, storing, manipulating, and integrating. There have been
significant improvements in the understanding and analysis of environmental issues at the local,
regional, and global scale. Nevertheless, accessibility and affordability of RS data is still a challenging
issue, especially in countries with limited economic resources.
What are the most pressing challenges? Growing volumes of new high-resolution images are
creating challenges for data access. It is costly to build infrastructure, tools, and platforms to access
data, and many products are still costly. Capacity building and training of human resources are also
costly. UAV, USV, ARS, and UAV data are often still held in private use by research teams, institutions,
or private industries, which make access to their data complicated and/or costly.
4.1.4. Data Storage, Integration, Communication, and Dissemination
RS data collection is improving, but what are the remaining challenges? There are challenges
in regulating effective data storage frameworks and creating standardized protocols for archiving
data with emphasis on the marine application. Integrating different data from different RS sources is
challenging due to a lack of cooperation between different data holders and a lack of homogeneous
protocols. Communication between data holders and data users is also challenging. The coastal and
marine research community faces challenges in the dissemination of data and uptake of results to
develop integrated coastal marine management.
4.1.5. Policies and Legal Issues
At global scales, countries performing SRS missions that can legally collect environmental data
could make this data available to other countries. This is a political and ethical issue that has yet to be
addressed. RS technologies should be considered as a tool to support integrated coastal and marine
management frameworks that are aiming to achieve a healthy environment.
As marine areas are shared between countries, international collaboration is essential to ensure
the use of collaborative information from RS technologies. However, an open exchange of RS data is
often still challenging. Political issues still create barriers to the free dissemination of data, even for
environmental purposes. Regulations regarding the use of UAV, USV, and SS for scientific purposes are
still challenging for the scientific community in countries where complicated permissions are required.
4.1.6. Fragmented Expertise and Institutions:
There is growing knowledge and appreciation of RS applications. Expertise on the use of
these technologies for coastal and marine management is still fragmented or siloed. Expertise
regarding coastal ecosystems (e.g., lagoons, estuary, and deltas), marine ecosystems (e.g., operational
oceanography, offshore energy, and marine habitat) and remote sensing technologies are often separate;
for instance, coastal or marine experts might not have an understanding of RS applications and
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vice versa. Furthermore, RS users might not be knowledgeable about processing RS data. Similarly,
institutional specialization can constrain coordination and data transfer, which represents a challenge
for knowledge sharing and integrated assessment.
4.2. Opportunities for Improving the Integrated Coastal and Marine Environmental Management Framework
Despite the challenges, there are substantial opportunities to use RS for a further understanding of
water and coastal ecosystems and to improve their management, especially using social-environmental
approaches, such as the DAPSI(W)R(M) framework.
SRS data presents an opportunity to analyse important environmental factors through new satellite
generation, such as the sentinel missions from the EU, which are presenting free accessible data through
their different platforms and providing already processed data. High resolution data are presenting an
unprecedented knowledge about the coastal and marine environment. Moreover, rather than using the
inertial navigation system, SAR data as an SRS application could support UAV navigation [302].
UAV is revolutionizing data acquisition for specific targets related to activities, pressures, and state
change assessment. Increasing the levels of battery autonomy, reaching higher altitudes, networking
capability, and lowering costs are advancing research on the coastal environment. Coordination
between a network of UAVs could help cover larger areas [303].
SS sensors and their automation are increasing in efficiency and efficacy of data precision, through
the technology’s development. Sampling surveys for oceans are expensive and time-consuming.
Therefore, USV and UUV are bringing insights and knowledge about deep-sea life, habitats, sediment,
and water quality. The integration of datasets from different sensors has provided a growing ecological
understanding of coastal and marine species for conservation purposes.
RS technologies are facilitating the policing of illegal activities, such as illegal fisheries, illegal sand
mining, overfishing, vessel waste discharge, and oil spills that can negatively impact the ecosystem
services provided by coastal and marine environments.
Application of algorithms to RS data are useful to develop an understanding of the environment.
For instance, artificial neural network algorithms have been applied for statistical regression, image
classification, image segmentation, and many other aspects of RS processing [304]. Furthermore,
deep learning algorithms for RS imagery analysis are rising in popularity, which can perform image
fusion and registration, object detection, land use and land cover classification, segmentation, object
detection, and even accuracy assessment [305], which will provide significant progress to the analysis
of RS imagery of coasts and marine ecosystems [306].
Approaches to augmented reality will provide a new type of knowledge. RS data can be used to
virtually reconstruct coastal and marine environments. Stakeholders and the larger public will be able
to view, analyse, and interact with these environments [307].
The Internet of Things (IoT) systems are playing a role in advancing the development of
different coastal and marine environments by accessing, securing, managing, and controlling data
infrastructures [308,309]. This allows the monitoring of environmental conditions by communicating
data from different networks into a single infrastructure. Data privacy protection, big data transmission,
and data integration and processing on a large scale through IoT present a big opportunity to understand
the environment.
Model-based RS data and free access to RS images through collaborative initiatives, such as
the Copernicus Data and Information Access Services, at a regional level (EU), have facilitated
information access to processed data. This has boosted users’ innovation and created new research
perspectives [21,310].
The incorporation of RS products into integrated coastal and marine management frameworks,
such as DAPSI(W)R(M), is key to map information in a structured way. Such information can
support the analysis of these complex ecosystems and presents a greater opportunity to achieve
sustainable development.
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5. Conclusions
RS technologies have become an essential tool to support the coastal and marine integrated
management framework, such as the DAPSI(W)R(M) application. The use of RS has expanded rapidly,
and data available from different sensors has increased their utility. SRS, ARS, UAV, USV, UUV, and SS
advances provided accurate measurement and mapping of numerous parameters associated with
the DAPSI(W)R(M) components, from detecting to quantifying and monitoring activities, pressures,
state changes, and impact (on welfare).
This article focuses on the relevant RS research related to coastal and marine ecosystems through an
integrated coastal and marine environmental management framework and shows the role of emerging
RS technologies to support this integration and to support the implementation of environmental
directives policies, such as WFD, MSFD, SDG, and OHI.
RS presents many opportunities to improve our understanding of coastal and marine ecosystems.
Nevertheless, there are still challenges and significant shortcomings related to RS application.
These include technological advances, affordability and access, legal issues, fragmented knowledge,
data communication, and dissemination.
Harmonizing regional, national, international, and interdisciplinary efforts between RS, coast and
marine experts, as well as other stakeholders are essential. This can generate advanced knowledge to
achieve sustainable development of our coasts and marine ecosystems. Future studies should focus on
the contribution of RS technologies to the use and best practices for the management of the coastal zone
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Nomenclature:
• Earth observation techniques can be applied for the implementation of environmental directives, such as
WFD and MSFD.
• Remote sensing (RS) can be a useful tool for integrated coastal and marine environmental
management frameworks.
• An overview of RS uses for an expanded DPSIR framework is presented.
• Challenges, knowledge gaps, and opportunities of RS for DAPSI(W)R(M) are highlighted.
• Emerging earth observation (data acquisition) technologies can help improve environmental understanding
for better resource management and attaining SDGs.
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